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ABSTRACT
In each of the last five years, a few dozen empirical studies appeared
in visualization journals and conferences. The existing empirical
studies have already featured a large number of variables. There
are many more variables yet to be studied. While empirical stud-
ies enable us to obtain knowledge and insight about visualization
processes through observation and analysis of user experience, it
seems to be a stupendous challenge for exploring such a huge vari-
able space at the current pace. In this position paper, we discuss the
implication of not being able to explore this space effectively and
efficiently, and propose means for addressing this challenge.
1 INTRODUCTION
Many controlled and semi-controlled empirical studies have pro-
vided empirical evidence to compare and measure effectiveness and
efficiency of different visualization techniques (or approaches, al-
gorithms, systems, workflows, and so on). Some have provided
support to existing theories or models for visualization and visual
analytics, while several have challenged some commonly-known
assumptions, wisdoms, and guidelines. Most of such studies con-
sist of one or a few experiments, each features a few independent
and dependent variables. One might wish for empirical studies to
capture all possible independent variables that may be featured in
commonly-used visual representations and all dependent variables
that could be used to measure the performance of typical visualiza-
tion tasks. However, the sheer number of these variables present a
hindrance to any controlled or semi-controlled studies. On the other
hand, distributing these variables to many studies, each focusing on
a few variables, demands a large research community and a lot of
resources.
Recently Abdul-Rahman et al. conducted a survey of 32 em-
pirical study papers [2]. They identified some 64 types of inde-
pendent variables, and categorized them into five classes. The first
four classes (56 types) all focused on visual signals, while the fifth
class (8 types) focused on non-visual variables (e.g., task, teaching
method, etc.). They observed that “there is no shortage of studies
on independent variables in each category,” but “there are many
more research questions yet to be asked or answered, and the scope
of visualization-related empirical studies is huge.” They concluded:
“It may thus be desirable for the visualization researchers
who conduct empirical studies to be more coherently orga-
nized, instead of being distributed sparsely in InfoVis, SciVis,
VAST, and other areas of visualization. This will allow these
researchers to share their expertise (e.g., in the review pro-
cesses) more easily and to formulate research agenda in a
more ambitious and structured manner.” “By providing some
opportunities to bring all these researchers together, we may
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soon see the emergence of a new area of visualization psy-
chology.”
This echoes an earlier observation in another survey [1]: “There
are many branches of applied psychology ... One has to ask that
‘is there a room for visualization psychology?’ ” In this position
article, we provide further discourse on how to address the huge
variable space in visualization psychology.
2 OBSERVATIONS
The main obstacles to the scalability of empirical studies in visual-
ization include (i) the relatively small number of visualization re-
searchers who design and conduct empirical studies, (ii) the com-
plex variations in visualization in a combinatoric manner, and (iii)
the narrow hypothesis-based experimental design suitable for pub-
lication requirements. A new area of visualization psychology may
adopt the following strategies to help overcome these obstacles.
More Experimental Scientists. Building on the references col-
lected by Lam et al. [12], Kijmongkolchai et al. [10], Fuchs et
al. [6], and Roth et al. [13], Abdul-Rahman et al. surveyed 129
papers on visualization-focused empirical studies [1] until 2018.
Their statistics show that on average the Journal of Psychological
Review published about 38 papers per year between 1978 and 2018,
while the average number of visualization-focused empirical stud-
ies is about 12 per year between 2010 and 2018. Considering that
a Wikipedia page lists 144 psychology journals, the empirical stud-
ies that focus on visualization and visual analytics are drops in the
ocean. The situation is unlikely to improve substantially within the
field of visualization as the overall number of scientists, researchers,
and practitioners is small, while a large portion of them are busy
with other subareas, such as applications, systems, algorithms, de-
signs, theories, and so on. Having Visualization Psychology as an
interdisciplinary field and a branch of applied psychology can po-
tentially attract many researchers in psychology to design and con-
duct experiments focused on or closely related to visualization.
More Studies on the “Mind”. Most visualization-focused empiri-
cal studies examine hypotheses about the artefacts in visualization
images. For example, Laidlaw et al. compared four techniques for
visualizing 2D vector fields [11], Chen et al. compared four vi-
sual representations for depicting motion signatures in videos [4],
and Kanjanabose et al. compared data tables, scatter plots and par-
allel coordinates plots [9]. Sometimes, such studies of artefacts
(e.g., techniques, plots, visual representations, systems, etc.) have
led to findings about the mind. In their artefact-based study, Chen
et al. [4] by chance discovered that participants unconsciously re-
membered the video visualization skills acquired in the first study
and performed better three months later in the second study than
those who did not take part in the first study. This is a finding about
memory and learning – aspects of cognition. Similarly, when study-
ing data tables, scatter plots and parallel coordinates plots, Kanjan-
abose et al. [9] found that participants could retrieve data values
more quickly and accurately with data tables than with scatter plots
and parallel coordinate plots. Since visualization was commonly
considered as a means for viewing data values, and many empir-
ical studies compare artefacts with data retrieval tasks, this raises
a question: what would have happened if data tables had been in-
volved in the comparison, or more fundamentally, in what condition
visualization is better for data retrieval tasks than data tables?
In recent years, more studies were designed explicitly to study
the mind, and artefacts were moved to a secondary role as stimuli
for observing the mind. There have been studies on memory [3],
attention [8], visual grouping [7], knowledge [10], and so on. Al-
though artefacts were used as stimuli, the experimenters were aim-
ing for discoveries about the mind, which can be applied to other
artefacts that were not examined in the studies. For example, when
Szafir found that the perception of colors was size-dependent [14],
this naturally led to many hypotheses that the perception ofAmight
beY-dependent. It could also lead to more fundamental hypotheses:
must visual encoding be always isomorphic and can it be polymor-
phic [5] since human perception could not hold up the isomorphic
requirement anyway [14]? If the latter is true, what cognitive factor
may condition polymorphic perception?
Focusing on the mind potentially allows empirical research in vi-
sualization to make a big stride in making fundamental advances in
the field of visualization. It is likely that studying the mind is hard
than studying artefacts. However, any discovery about the mind can
be translated to inferences about many artefacts. Of course, this is
not to say that we should not study artefacts. Indeed, as mentioned
earlier, findings about artefacts can lead to hypotheses and poten-
tially major discoveries about the mind. Building on the past stud-
ies of artefacts, empirical researchers in visualization, hopefully, to-
gether with more and more colleagues in psychology, we will be
able to conduct more studies on the mind.
More Progressive Approaches. Studying a hypothesis about the
mind is entrenched in almost every empirical study in psychology.
It is also a tradition in psychology that a hypothesis typically inves-
tigated in many empirical studies by several teams. It has been rare
that a hypothesis is confirmed or disproved after the first empirical
study on the hypothesis. A switching of emphasis from artefacts to
the mind may instigate more progressive approaches to studying a
challenging hypothesis.
Firstly, empirical researchers in visualization should embrace the
tradition of psychology in scholarly contention and disagreement,
and should welcome any serious challenge to an existing theory or
finding as long as there is an adequate empirical evidence or analyti-
cal rationale suggesting that the existing theory or finding might not
be 100% correct as many thought. While it is not easy for reviewers
to read papers that challenge their past theories or findings, review-
ers in such situation should exercise a high level of integrity and
professionalism, e.g., in making an objective assessment, declaring
a conflict of interest if appropriate, and overcoming the preposses-
sion for suppressing the debate through nitpicking.
Secondly, empirical researchers in visualization may explore
other forms of empirical studies that do not involve con-
trolled or semi-controlled experiments. The BELIV Workshop
(https://beliv-workshop.github.io/) is a biennial event.
Since it was established in 2006, it has been encouraging empiri-
cal researchers to develop “new and innovative evaluation methods
for visualization tools and techniques.” While BELIV has a strong
focus on artefacts, findings obtained from the evaluation of some vi-
sual representations, interaction techniques, and visualization tools
can also inform the development of new hypotheses, conceptual
models, and qualitative theories about the mind in the context of
visualization.
Thirdly, visualization scientists are data scientists and are used to
process a variety of data using data mining and data visualization.
Meanwhile, empirical studies, controlled as well as uncontrolled,
collect data about various variables in visualization processes, in-
cluding the variables about artefacts as well as those about the
mind. Often such data may not be adequate for confirming a bi-
nary hypothesis in a statistically significant manner. It may feature
too many variables, or some variables may have too many values
that cannot be clustered into a few groups. Nevertheless, if the col-
lected data features some strong variations in the relation between
the independent and dependent variables, we can discover such rela-
tions using visual analytics workflows where statistics, algorithms,
visualization, and interaction are integrated. We can also use the
data to develop data-driven models and data-driven metrics. Such
a model or metric defines a complex causal relation in a probabilis-
tic or functional manner, which is sometimes perceived to be less
definite than a hypothesis confirmed by an empirical study. In fact,
a data-driven model or a data-driven metric is just an intermediate
step stone towards a grand theory. Empirical researchers in visual-
ization should welcome and embrace such intermediate steps, sim-
ply because studying a hypothesis about the mind is usually much
more complex than studying artefacts. Evaluating whether artefact
A is better than artefact B may need one or a few empirical studies.
Determining whether a function of the mind, X(), causes A to be
better than artefact B will likely require many intermediate steps.
3 CONCLUSIONS
In data science, interactive visualization and visual analytics brings
together machine-centric processes and human-centric processes. It
can provide psychologists with one of the best platforms for study-
ing the human mind. Therefore, creating a new interdisciplinary
area of visualization psychology will not only benefit the research
and development in the field of visualization, but also benefit the sci-
entific agenda in psychology. In particular, the aforementioned fun-
damental questions in visualization are also fundamental questions
in perception and cognition. Many currently imperfect guidelines
in visualization reflect some limited understanding in terms of per-
ception and cognition. Failures or shortcomings in the human mind
often inspire some best research topics in psychology. Similarly,
failures or shortcomings of visualization guidelines could inspire
some best research topics in visualization psychology.
Meanwhile, many visualization scientists and researchers are
highly skilled in data analysis and have access to many practical
applications. Visualization psychology can benefit from such skills
and applications in developing new research methodologies and de-
livering high impact applications.
Having more studies on the mind and having more progressive
approaches naturally lead to an update of the existing evaluation
criteria for artefact-focused empirical study papers. An accepted
empirical study paper in visualization psychology may feature one
of the following qualities:
• Novelty. An empirical study reports new discoveries and find-
ings that have not been previously obtained. The study may
examine a new phenomenon in visualization, or provide evi-
dence to support or contradict an unsupported theoretical hy-
pothesis or practical wisdom.
• Innovation. An empirical study features new study method-
ologies that are previously unknown to or uncommon in vi-
sualization research, and are technically sound and beneficial
in the direct and indirect observation of user experience and
the collection of empirical data. Such a methodology may be-
come a new template for empirical studies in visualization.
• Significance. An empirical study presents an experiment that
is substantially more comprehensive, or leads to more mean-
ingful statistical inference, than previous studies on the topic.
• Impact. An empirical study that may lead to a significant
change of our fundamental understanding about visualization,
or result in new guidelines and practices in visualization. Such
impact may have been evidently confirmed, or an initial as-
sessment may have convincingly suggested the potential.
• Data, Evidence, Measurement, and Analysis. An empiri-
cal study reports important data samples, evidence, measure-
ment, and analysis that have not been previously obtained.
The study may contribute towards the discoveries and findings
of a major, fundamental, and complex hypothesis that is diffi-
cult to confirm or disapprove through one or a few empirical
studies.
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